Abstract-Identification of intracellular pathways that play key roles in cancer progression and drug resistance is a prerequisite for developing targeted cancer treatments. The era of personalized medicine calls for computational methods that can function with one sample or a very small set of samples. Developing such methods is challenging because standard statistical approaches pose several limiting assumptions, such as number of samples, that prevent their application when n approaches to one. We have developed a novel pathway analysis method called PerPAS to estimate pathway activity at a single sample level by integrating pathway topology and transcriptomics data. In addition, PerPAS is able to identify altered pathways between cancer and control samples as well as to identify key nodes that contribute to the pathway activity. In our case study using breast cancer data, we show that PerPAS can identify highly altered pathways that are associated with patient survival. PerPAS identified four pathways that were associated with patient survival and were successfully validated in three independent breast cancer cohorts. In comparison to two other pathway analysis methods that function at a single sample level, PerPAS had superior performance in both synthetic and breast cancer expression datasets. PerPAS is a free R package
INTRODUCTION
A key finding from large-scale cancer sequencing efforts is that histologically similar cancers may have very different genomic landscapes and treatment responses. Accordingly, cancer genomics data have been increasingly used to identify cancer subtypes and to suggest targeted therapies [1] . For example, in breast cancer, five subtypes have been suggested based on transcriptomics profiling [2] : luminal A, luminal B, HER2-enriched, basal-like and normal breast-like. While these efforts have improved the use of the right treatment for the right patient, samples belonging to these subtypes still have significant heterogeneity at the molecular level. Triplenegative breast cancers, which are the major constituent of the basal-like subtype, have been recently classified into six subtypes with different survival time [3] , [4] ; luminal A subtype has been categorized into four subtypes [5] and two subtypes have been identified for breast cancer patients with the luminal B signature [6] , [7] . Identification of smaller and clinically relevant subtypes calls for computational methods that enable analysis of data from a single or few samples.
Alterations in intracellular pathways can have a drastic effect to efficacy of a therapeutic intervention, in particular, targeted therapies. Thus, a number of pathway analysis methods, such as SPIA [8] , DEAP [9] , DERA [10] and PATHOME [11] , have been developed to pinpoint altered pathways. However, the majority of the existing methods are based on comparison of groups of samples, and their use is limited to settings where the number of samples is sufficiently large to allow statistical inference. Recently, some pathway analysis methods for small sample size have been suggested.
PARADIGM uses multi-level data from single or few samples to infer activity of pathways [12] ; iPAS quantifies pathway aberration at a single sample level by calculating average distance of a cancer sample from control samples [13] ; and Pathifier assigns pathway specific scores that represent deviation from control samples [14] . The main issues with these methods are that they require multilevel data or they consider a pathway as a list of genes and do not take pathway topology into consideration [8] , [15] , [16] .
We have developed a novel computational method called PerPAS (Personalized Pathway Alteration analysiS) for the identification of altered pathways for a single sample based on transcriptomics data. PerPAS uses pathway topology information to quantify contribution of an aberrantly expressed gene to pathways and further to characterize pathway activity. Here, we use both breast cancer and synthetic expression data to demonstrate the performance of PerPAS and to compare it to single-sample based pathway analysis methods iPAS and Pathifier.
RESULTS

Overview of PerPAS
PerPAS is designed to quantify pathway activity at a single sample level. The major steps in the PerPAS approach are: preprocessing transcriptomics and pathway data, quantifying gene contribution to a pathway, and calculating personalized pathway activity scores (Fig. 1) . Briefly, PerPAS uses control samples to standardize gene expression profiles and extracts pathways from databases (Fig. 1a) . PerPAS quantifies contribution of a gene to a pathway by taking pathway topology, such as bottlenecks, which are defined as nodes with high betweenness centrality [17] , and hubs [15] , [16] , into account (Fig. 1b) . Bottlenecks measure essentiality of genes in mediating signaling whereas a hub is a highly connected node in a pathway. Quantified gene contribution to a pathway is further summarized to estimate the personalized pathway activity scores (Fig. 1c) . The output of PerPAS is a list of pathway activity scores for each sample (Fig. 1d ).
Utility of Topology Information in Pathway Analysis
Not all proteins in a pathway are equally important but some, such as bottlenecks [17] and hubs [15] , [16] , have bigger impact to the pathway activity and outcome than proteins located more peripherally. Accordingly, a central design principle behind PerPAS is to use topological information in the pathway analysis. To demonstrate the importance of topological information and PerPAS, we generated three pathways with varying topology (Fig. 2a) and used PerPAS to indicate the most influential nodes in these pathways.
In the pathway with strong connection (P c ), Node 2 is a bottleneck (Fig. 2a) and therefore its role in the pathway is stronger than most of the other genes, such as Node 4. Obviously, the higher importance of Node 2 over Node 4 should be reflected in the results of pathway analysis. PerPAS results indicate that the contribution of Node 2 in the bottleneck role to the pathway P c is 8.7 times higher than that of Node 4 ( Fig. 2b) . In our study, the contribution of the bottleneck role is represented as a fraction of signaling flows that go through a particular node over all the signaling flows in the pathway. The value ranges from 0 to 1 (See more details in Methods).
Node 3 is another important node since it is a hub and it regulates four downstream genes out of ten genes in the pathway P c (Fig. 2a) . Although Node 3 itself is not differentially expressed, its downstream genes are (Fig. 2a) . Hence, it is valuable to take hub roles into account when performing pathway analysis. PerPAS results indicate that hub role of Node 3 is not concealed by the fact of its unchanged expression in the pathway P c (Fig. 2c) . In our breast cancer study, the contribution of a hub role is modeled as mean of gene expression of all its direct downstream genes. This allows for identification of nodes with subtle expression changes that do not pass statistical testing but are clearly of biological interest.
By combining the bottleneck and hub roles of genes, PerPAS quantifies the contribution of each gene to the pathway and ranks genes (Fig. 2d) . PerPAS results show that Node 2 and Node 3 are the most important genes in the pathway P c , which is consistent with the fact that Node 2 and Node 3 are a hub and a bottleneck, respectively.
In addition to ranking nodes in a pathway based on their influence, PerPAS is also able to compare their contribution to different pathways. For instance, in P b Node 3 is a hub and activates Node 8, whereas in P c Node 3 is not only a hub but also a bottleneck. It is the only bridge from Node 1, 5 and 7 to Node 4, 6, 8, 9 and 10 ( Fig. 2a) . The increased importance of Node 3 to the pathway in P c is quantified by PerPAS that estimates the contribution of Node 3 as 0.08 in P b and 0.20 in P c (Fig. 2d) .
Pathway analysis methods that do not take topology information into account, such as iPAS and Pathifier, will produce identical results for the cases P a , P b and P c . Thus, they are not able to rank Node 3 higher and thus may fail to identify biologically important nodes.
Identification of Pathways and Nexus Genes in Breast Cancer
In order to demonstrate that PerPAS is able to produce robust and potentially important results, we have applied PerPAS to a large breast cancer cohort from The Cancer Genome Atlas (TCGA) (n ¼ 984). The most interesting findings were validated in four other breast cancer cohorts GSE1456 (n ¼ 159), GSE3494 (n ¼ 236), GSE4922 (n ¼ 249) and GSE7390 (n ¼ 198). PerPAS identified 40 pathways that were significantly altered in the breast cancer samples compared to the controls in the TCGA cohort (t-test q < 10 À60 ). Out of 40 altered pathways, seven were significantly associated with breast cancer patient overall survival (log-rank p < 0:01). Four pathways (Aurora B signaling, growth hormone signaling, PLK1 signaling events and LPA4-mediated signaling events) were validated in at least three independent cohorts (log-rank p < 0:05; Suppl. File S1, which can be found on the Computer Society Digital Library at http://doi.ieeecomputersociety. org/10.1109/TCBB.2017.2679745).
Our results show poor survival of patients with high activity of Aurora B signaling or growth hormone signaling pathway. The roles of growth hormone and Aurora B pathways in breast cancer pathogenesis are firmly supported [18] , [19] , [20] .
Interestingly, PLK1 signaling events pathway showed the most significant survival association and this association was supported in all four independent validation cohorts ( Fig. 3a, 3b , 3c, 3d, and 3e). Patients with low activity of PLK1 signaling events pathway have statistically significant survival benefit as compared to patients with high activity of PLK1 signaling events pathway. The PLK1 gene plays a critical role in this pathway; out of all 3,450 signaling flows in the PLK1 signaling events pathway, 979 (28.4 percent) go through PLK1 (Suppl. File S2, available online). PLK1 directly regulates a number of cancer progression driver genes, such as CDC20/25C [21] , AURKA [22] , ECT2 [23] , TPT1 [24] and BUB1 [25] (Fig. 3f ). An example of quantifying gene contribution to PLK1 signaling events pathway in a single sample is shown in Suppl. File S2, available online.
Our analysis shows a strongly similar expression pattern for PLK1 downstream genes (Fig. 3f) . Furthermore, PLK1 expression was highly correlated with these direct downstream genes (Fig. 3g) . This shows how PerPAS can be used to illustrate pathway activity, which may vary between samples, to identify genes whose expression patterns are tightly co-regulated. For example, many expression values for the majority of genes in the PLK1 signaling events pathway, e.g., BUB1, CDK1 and CCNB1, correlate strongly with PLK1. However, there are some genes, such as WEE1, TPT1 and KIF2A, whose expression values do not correlate with PLK1. For instance, all upstream regulators for WEE1 (PLK1, CCNB1 and CDK1; Fig. 3f ) correlate with each other whereas WEE1 itself does not. Regulation of PLK1 is affected by various mechanisms, such as by phosphorylation of target genes, PLK1 enzyme activity and protein structural variation. Moreover, PLK1 is an essential regulator in many functions which have distinctive regulatory features. For example, in mitotic entry WEE1 is inactivated by PLK1 and further masked by CDC25B, whereas in G2 DNA damage PLK1 is degraded resulting in WEE1 activation [26] , [27] . PLK1 and WEE1 inhibitors have shown promising preclinical and clinical effects in targeted and combination therapies in cancers [26] , [27] . While further interpretation of any regulatory relationships and mechanisms from any pathway analysis requires additional effort, such as functional experiments, that are out of scope of this study, PerPAS analysis can be used to recognize common regulatory features which are not, at least directly, detectable from RNA expression data.
Comparison of PerPAS to iPAS and Pathifier Using Breast Cancer Data
One way to evaluate the performance of a pathway analysis method is to test whether the identified pathways are associated with patient survival, for example in analyses of prognostic subgroups or drug responses. Significant association between patient survival and a pathway strongly supports the importance of the pathway in cancer progression or drug resistance. The survival association test, however, is stringent and the lack of survival association does not necessarily mean that a pathway is not important in cancer progression.
To compare the performance of PerPAS to iPAS and Pathifier, we used identical setting, i.e., the TCGA data were used as the discovery cohort and the Gene Expression Omnibus (GEO) data were used as the validation cohorts.
For comparison purpose, we selected similar numbers of significantly altered pathways using different significance thresholds for each method, resulting in 40 significantly altered pathways for Per-PAS (q < 1 Á 10 À60 ), 40 for iPAS (q < 1 Á 10 À60 ), and 43 pathways for Pathifier (q < 1 Á 10 À140 ) from the discovery cohort. We used ttest to compare pathway activity scores between cancer and control samples.
iPAS and Pathifier identified six and seven survival associated pathways in the discovery cohort, respectively (Table 1) . Four pathways (57 percent) identified by PerPAS were validate in at least three independent cohorts, whereas from the pathways identified by iPAS two were validated in one independent cohort. One pathway identified by iPAS was also identified by PerPAS (growth hormone signaling pathway). Growth hormone signaling pathway was validated in one validation cohort in the iPAS analysis, whereas PerPAS identified it in three validation cohorts with higher survival association.
Interestingly, the number of common pathways between Per-PAS, iPAS and Pathifier is very small. The major reason for the differences between PerPAS and the other two methods is that PerPAS takes topology information into account. This, however, does not explain small number of common pathways between iPAS and Pathifier: only one of the seven pathways identified by Pathifier in the discovery cohort overlapped with the iPAS results ( Table 1) . While comprehensive comparison between iPAS and Pathifier is out of scope of this study, a reason for discrepancy is that Pathifier uses all samples together to derive a principal curve for each pathway and thus does not give estimates for an individual case-control sample pair like iPAS. Furthermore, pathways identified by Pathifier could not be validated in the independent cohorts because they lacked control samples. The requirement of control samples is a key limitation for Pathifier as not all the cohorts contain control samples.
DISCUSSION
Identification of pathways that are altered in tumors compared to controls and drive cancer progression or drug resistance is a prerequisite for personalized medicine. There is a pressing need for pathway analysis methods that work at a single cancer sample level, and are able to pinpoint the most important pathways and their central nodes in an individual sample. However, most of existing pathway analysis methods compare two or more groups of samples and do not support pathway analysis at a single sample level. Further, those pathway analysis methods that support analysis of a single sample do not integrate pathway topology. Herein presented PerPAS allows both single-sample analysis and takes network topology into account.
We have used both synthetic and breast cancer expression data to demonstrate the utility of PerPAS. Results from synthetic data demonstrated that PerPAS is able to prioritize nodes that are central for the network signaling. In the breast cancer data, PerPAS identified seven pathways with survival association in the discovery cohort from which four were validated in at least three independent validation cohorts. While pathway's survival association is a stringent criterion, it is one of the most useful tests for pathway methods as the users of pathway methods typically are interested in finding pathways that may have clinical significance. PLK1 signaling events pathway was associated with survival in all five breast cancer cohorts. PerPAS highlighted the PLK1 gene as a central node in the pathway, it was also highly correlated with most of its downstream genes.
Standardization of gene expression in PerPAS is an important step to minimize cohort effects. It provides comparability between expression data and between results from the data. In an ideal case, a set of control samples from the same cohort is used to standardize gene expression of treatment samples. PerPAS can also be used without control samples, for example, by standardizing gene expression to the mean of the cohort or by skipping standardization step in case only one or a few samples are available. PerPAS is applicable to conduct pathway analysis for gene expression data from any disease. We have shown here that PerPAS is applicable to gene expression data. However, PerPAS should also be applicable to many other molecular data, such as protein-protein interaction data. PerPAS requires molecular measurements and networks as its inputs. Fig. 3 . Characteristics of PLK1 signaling events pathway. a-e) Survival association of breast cancer patients to PLK1 signaling events pathway. PLK1 signaling events pathway was scored by PerPAS and patients were divided into two groups by median value of personalized pathway activity scores of PLK1 signaling events pathway. Patients with low-and high-activity of this pathway are represented as 1 (blue) and 2 (red), respectively. Vertical ticks represent censoring events. The X and Y axes represent follow-up time in years and the percentage of survival, respectively. Survival associated p-value was calculated using log-rank test. f) PLK1 signaling events pathway. Each color bar represents a cancer sample and the cancer samples are displayed in the same order for each gene. Color of bar denotes the relative expression of genes in each cancer sample compared to control samples in the TCGA cohort and size of nodes represents the topological importance of the genes. g) Pearson correlation between PLK1 and genes in the pathway in the five cohorts. Note: genes BUB1B, SGOL1, PPP1CB, PPP2CA, and SPC24 are excluded from the heatmap since they are not included in the GEO cohorts.
In summary, we have developed a novel pathway analysis method, PerPAS, that is optimized for single sample analysis. Per-PAS uses pathway topology information to quantify pathway activity scores, and to identify aberrant pathways and key nodes in the pathways. Our results show that survival associated pathways identified by PerPAS have a much higher rate of being validated in the independent validation cohorts than the other single-sample level pathway methods.
METHODS
PerPAS
Data Preprocessing
Data preprocessing consists of two steps: standardization of gene expression and preparation of pathways.
Standardization of Gene Expression. We adopted the method used by Maxime et al. [13] to standardize gene expression. Briefly, for expression cohorts that contain control samples (e.g., TCGA data), gene expression of a tumor sample is standardized to the mean and the standard deviation of control samples. We extended this method to gene expression cohorts that lack control samples (e.g., GEO data sets). Gene expression is normalized by the mean and the standard deviation of the cohort, instead of using external control samples. This measures gene expression difference between a tumor sample and the mean of gene expression of all the tumor samples in the cohort.
Preparation of Pathways. We obtained pathways from NCINature Pathway Interaction Database (PID) [28] and WikiPathways [29] . Level 3 biopax-formatted PID was analyzed using rBiopaxParser package [30] . We obtained WikiPathways from Moksiskaan database where many useful application programming interfaces (APIs) are provided to ease extraction of different types of interactions, such as gene activation and inhibition interactions for each pathway [31] . We excluded pathways with less than four nodes resulting in 368 pathways from the PID and 75 pathways from WikiPathways.
Quantification of Gene Contribution to a Pathway
Some nodes in a pathway are more central and important than others. Examples of such central nodes are hubs [15] , [16] and bottlenecks [17] . Contribution of a gene to a pathway can be quantified according to its hub and bottleneck roles. Impact of a hubness of a gene can be evaluated by measuring the number of genes it directly regulates and expression changes of its direct downstream genes. Quantification of the hub role of a gene in a pathway k is shown in Eq. (1),
where S lj is standardized expression of gene l in sample j and M i is the number of direct downstream genes of gene i. In cases where there are no more than two direct downstream genes for a gene, a hub score is represented by its own standardized expression. Bottleneck measures essentiality of genes in controlling signaling flows in the pathway [17] . Bottleneck role of a gene can be quantified by estimating the percentage of signaling flows that go through the gene over all the signaling flows. A signaling flow can be considered as a path from one gene to another. Identification of all possible paths from one gene to another in a pathway is computationally costly and furthermore identifying all the paths between all genes is infeasible, especially when the pathway is complicated. Hence, we use a shortest path to represent a signaling flow between two genes [17] , which leads to an assumption that is signaling from one gene to another always transmits through the shortest path. The shortest path is a path between two nodes where the sum of weights of its constituent edges is minimal. In our method, weights of edges are equal and thus, can be ignored. A breadth-first search algorithm is used to find shortest paths between any two genes in a pathway. Quantification of bottleneck role of a gene is shown in Eq. (2),
where N k is the total number of signaling flows in pathway k and n ik is the number of signaling flows to which gene i contributes.
Value of Q ik ranges from zero to one. Finally, given a case sample j, topological contribution of gene i to pathway k is represented by multiplication of hub and bottleneck roles of the gene shown in Eq. (3)
Personalized Pathway Activity Score
Personalized pathway activity is the activity of a pathway in a particular sample. It is summarized from the topological contribution Note: Patients were divided into two groups by the median value of the pathway scores calculated by each method. The associated p-value was calculated using log-rank test. "-" denotes p-value that is larger than 0.05.
of all genes in the pathway. Given a pathway k and a sample j, personalized pathway activity score P kj is defined as follows:
To assess the significance of personalized pathway activity score, two permutation tests are performed under the null hypothesis of "personalized pathway activity score is random". In the first test, PerPAS is applied over 100 random trials where the gene expression of the pathway in the sample is randomly permuted. The second test randomly assigns gene regulations (edges) to any two genes in the pathway followed by PerPAS scoring. This procedure is repeated 100 times. The significant level of both tests is calculated by comparing the observed score to the mean of random scores on permutations. Both ways of randomization disrupt expression correlation between genes of a gene regulation. In the first permutation, the topology of pathway remains, and hence the test answers how randomizing expression of genes changes personalized pathway activity score. The second test permutes pathway topology and thus tests how topology influences personalized pathway activity score.
Breast Cancer Data
Log2 transformed level 3 RNA-seq gene expression data were downloaded from The Cancer Genome Atlas (TCGA) repository [32] and were used as the discovery cohort. We discarded samples without survival time or vital status information, resulting in 984 breast cancer samples and 111 control samples. For validation, we used four publicly available breast cancer data cohorts from Gene Expression Omnibus (GEO) [33] : GSE1456 (n ¼ 159), GSE3494 (n ¼ 251), GSE4922 (n ¼ 236) and GSE7390 (n ¼ 198). For these GEO data cohorts, gene level normalization was performed by using Robust Multi-array Average (RMA) and the data were log2 transformed.
